Background: The identification of blood-based biomarkers specific to the diagnosis of amyotrophic lateral sclerosis (ALS) is an active field of academic and clinical research. While inheritance studies have advanced the field, a majority of patients do not have a known genetic link to the disease, making direct sequence-based genetic testing for ALS difficult. The ability to detect biofluid-based epigenetic changes in ALS would expand the relevance of using genomic information for disease diagnosis. Methods: Assessing differences in chromosomal conformations (i.e. how they are positioned in 3-dimensions) represents one approach for assessing epigenetic changes. In this study, we used an industrial platform, EpiSwitch™, to compare the genomic architecture of healthy and diseased patient samples (blood and tissue) to discover a chromosomal conformation signature (CCS) with diagnostic potential in ALS. A three-step biomarker selection process yielded a distinct CCS for ALS, comprised of conformation changes in eight genomic loci and detectable in blood. Interpretations: The sensitivity and specificity values achieved using the ALS CCS identified and validated in this study provide an indication that the detection of chromosome conformation signatures is a promising approach to disease diagnosis and can potentially augment current strategies for diagnosing ALS.
ALS is a fatal, degenerative neurologic disorder characterized by progressive muscle weakness and eventual paralysis. Disease presentation and rate of progression vary from patient-to-patient and while there are clinical tools to monitor disease progression after diagnosis (e.g. ALSFRS-R, FVC measures), no definitive clinically validated measure currently exists to diagnose the disease. Combined with the insidious nature of symptom onset, lack of recognition of symptoms and signs in non-specialists, and the need to perform multiple investigations to rule out conditions which can mimic ALS, lack of a diagnostic marker significantly contributes to diagnostic delay, which averages 1 year from symptom onset [1] . Given the rapidly progressing nature of ALS, this delay can have significant clinical and lifestyle impact on patients and limits recruitment of patients with early phase disease to clinical trials. With the potential for the approval of new therapies currently in different stages of clinical development over the coming years, there is a pressing need for a validated biomarker for the diagnosis of ALS.
While advances in genomic sequencing have provided new insights into the disease [2] , gene sequencing is primarily used to assess familial risk and define biological subtypes in the 10% or so of patients carrying mutations once the clinical diagnosis of ALS has been established, and therefore does not in itself provide a way of improving early diagnosis [3] . Another approach that has been used to aid in diagnosis of other neurological disorders is the analysis of non-sequence based alterations in the genome (epigenetics) [4, 5] . This is particularly useful in understanding the pathogenesis of multifactorial neurodegenerative diseases like ALS, where epigenetics can expose an integrated view of cellular function and dysfunction via regulation of gene expression [6] .
The exploration of patient-derived samples is an obvious choice in attempting to discover new tools for diagnosing ALS, as biofluid collection is increasingly being done in clinical settings to serve as a data source for potential biomarkers. In light of this, the Northeast ALS Consortium (NEALS) Biofluid Repository was established to provide researches and industry partners with biologic samples collected from the patients using standard operating procedures (SOPs) and linked to clinical information for use in research studies [7] . In this pilot study, samples from the NEALS Biofluid Repository were analyzed using EpiSwitch, a high-resolution technology to identify structural-functional epigenetic changes in genomic architecture associated with pathological phenotypes developed by Oxford BioDynamics [8] [9] [10] [11] [12] [13] . As multiple genomic regions contribute to phenotypic differences through changes in genomic architecture, this approach allows for the development of a chromosomal conformation signature (CCS) of alterations in genomic architecture between two states (disease vs. non-diseased, pre-treatment vs. posttreatment).
With the aim of identifying novel approaches to the diagnosis of ALS, this study was undertaken to discover and validate a CCS applicable to the diagnosis of ALS. After defining and refining a biomarker panel, we applied the signature to an independent sample cohort for validation. Last, the biological relevance in ALS of the top performing markers was assessed.
Methods
High-throughput screening of blood samples and a multi-step selection process was used to define a panel of epigenetic changes that could distinguish ALS patients from healthy patients.
Sample Collection
All samples banked and collected were done under IRB approved protocols (Oxford University samples: NRES Committee South WestCornwall & Plymouth, reference 15/SW/0224). For the initial biomarker screening and development, the NEALS Biofluid Repository provided 50 ALS (Table 1 ) and 5 healthy control whole blood samples (Table 2) . Oxford BioDynamics sample collection provided a further 37 controls (Table 2 ). In the validation stages of the project, Oxford University provided an independent sample cohort of eight ALS and eight spousal healthy control samples (Supplementary Table S1 ). Clinical characteristics for ALS patients were similar between the Discovery and Validation cohorts (Table 3) . Whole blood samples were collected by peripheral venipucture using a 22-gauge large bore needle. Blood was collected directly into EDTA filled BD Vacutainer™ The tubes were immediately mixed by inversion and placed into a -80 o C freezer. Samples were transported on dry ice and the frozen condition inspected on delivery.
Application of EpiSwitch and the Stepwise Biomarker Discovery Process
EpiSwitch is a high throughput technology platform that pairs high resolution chromosome conformational capture results with regression analysis and machine learning to develop disease classifications [8] . Screening and selection of statistically significant differences in conditional and stable profiles of genome architecture associated with samples from patients suffering from a disease, in comparison to healthy control samples, serves as a way to select epigenetic biomarkers that can diagnose and stratify pathological conditions [8] [9] [10] [11] [12] [13] . In this study, EpiSwitch was used on blood samples in a three-step process to identify, evaluate, and validate statistically-significant differences in chromosomal conformations between ALS patients and healthy controls (Fig. 1 ).
An initial customized CGH Agilent microarray (8x60k) was designed to test technical and biological repeats for 13,880 potential chromosome conformations across 308 genetic loci. With the focus on the development of a non-invasive blood based diagnostic test, we first concentrated our attention on potential chromosome conformations in genomic loci specific to ALS's immuno-footprint. A literature search was conducted to identify loci that would be used on the microarray. In an earlier study, we compared and reported unique and common aspects of the ALS immuno-footprint to other Autoimmune Conditions
Research in context

Evidence Before this Study
We searched primary research studies done in human ALS subjects in the last ten years and referenced in PubMed by use of the MeSH terms "(amyotrophic lateral sclerosis OR ALS) AND (biomarker OR marker) AND (diagnostic OR diagnosis) AND (blood OR PBMC OR plasma OR serum) AND (sensitivity OR specificity OR AUC)". There were no language restrictions. We identified 16 studies where diagnostic biomarkers for ALS were determined in a non-invasive, clinically accessible biological sample and statistical power was reported. In these studies, eight used plasma as a biomarker source, five used serum and three studies used PBMCs or whole blood. The biomarkers ranged from mRNA, proteins/peptides, metabolites, metals, or combinations of several molecular modalities combined into a multi-marker panel. Neurofilament light (NfL) was the most extensively studied, and the sensitivity and specificity of the biomarkers in making a diagnosis of ALS ranged between 90 and 93% and 58-91%, respectively. Two studies showed no significant diagnostic power with the biomarkers under investigation.
Added Value of this Study
The current diagnosis of ALS remains mainly based on clinical parameters. However, the development of molecular tests can be used to exclude other diseases and help to confirm the diagnosis. Currently, there is a shortage of these molecular tests available to physicians. We were able to develop a highly discriminatory chromosome conformation signature that could accurately identify patients with ALS in an independent patient cohort. The test can be performed within a day on standard laboratory equipment, uses a readily accessible biofluid (blood) and requires and requires a minimal amount of volume.
Implications of all the Available Evidence
Our findings indicate that a simple and rapid blood-based test can distinguish patients with ALS from healthy controls with a high degree of sensitivity and can serve as a complementary tool in helping aid in disease diagnosis. These preliminary findings provide an initial proof of concept that the approach of looking at changes in genomic architecture provide a reliable readout of physiological changes associated with neurological disease. Additional studies that independently validate the biomarker panel identified here and assess the ability of the panel to discriminate ALS from other motor neuron diseases are required before application in pre-clinical and clinical settings. [14] . The genetic loci selected for the array were genes primarily involved in immunodeficiency, adaptive and innate immune systems, and cytokine signaling (Table 4) . A comparative microarray analysis was conducted using samples from individual ALS patients from the NEALS Biofluid Repository and pooled healthy control samples. Array readouts were analyzed with linear regression modeling to select the 153 chromosomal interactions with the ability to best discriminate ALS from controls (Table 5) .
For the second step, the evaluation stage, the 153 biomarkers selected from the array analysis were translated into EpiSwitch™ PCR based-detection probes and used in multiple rounds of biomarker evaluation on an increasing number of patient samples. PCR primers were selected according to their ability to distinguish between ALS and healthy controls. Exact Fisher's P-value, GLMNET (alpha 0.5, penalized score) and standard logistic modeling scores including Coef, SE, Wald S and P-value were used to select the top eight biomarkers (Table 6 ). This selected chromosomal-conformation signature-biomarker set was then tested on a known (n = 74) and a blinded cohort (n = 16). Principal component analysis was also used to determine abundance levels and to identify potential outliers (Fig. 2) . With EpiSwitch, initial screens identify significant markers using a small subset of patient samples, while the larger sample cohort sizes in later screens provide the statistical power to allow for the results to more closely approximate realworld populations.
The sample cohort sizes in this study were progressively increased to enable selection of the optimal markers for discriminating ALS samples from healthy controls. Cohort sizes were statistically powered to a level of sensitivity and specificity needed for clinical application. More specifically, in the first screening series, six ALS and six healthy control samples were used. In the subsequent screening step, 24 ALS and 24 controls samples were used. For the final screening, a panel consisting of the eight top biomarkers ( Table 6 ) was applied to a separate cohort of 74 samples from the NEALS Biofluid Repository and Oxford University. Statistical analysis was carried out on the final screen of the binary data results. (See Results, (Table 7) ).
To further validate the ALS CCS, the panel was tested on a blinded, independent (n = 16) cohort of blood samples supplied by Oxford University. The results were analyzed using Bayesian Logistic modeling, pvalue null hypothesis (Pr(N|z|) analysis, Fisher-Exact P test and Glmnet (Table 8) .
Last, we explored the biological relevance of the biomarkers by using a second array with 171,408 potential chromosome conformations across 467 loci that were functionally related to ALS [15] (Table 9 ). The list of 150 top performing loci from this screen were uploaded to the Search Tool for the Retrieval of Interacting Genes/Proteins (STRING) database containing over 9 million known and predicted proteinprotein interactions (https://string-db.org) to create a network of ALS regulation.
Results
Patient Clinical Characteristics
In order to develop, test and validate the CCS biomarker panel, we used blood samples from two main cohorts. The first cohort (Discovery) (Table 3) . Average ALSFRS-R scores (35.9 in Discovery and 36.4 in Validation), average age at diagnosis (53.4 years in Discovery and 54.9 years in Validation) and disease duration (53.4 in Discovery and 54.9 in Validation) were similar in both cohorts (Table 3) . Although ethnicity and race were not available for the Validation cohort, the vast majority of patients in the Discovery (90%) were non-Hispanic or Latino Whites.
Identity of the Markers in the Signature
The EpiSwitch three-step biomarker selection process yielded a distinct chromosome conformational disease classification signature for ALS comprised of chromosomal interactions in eight genomic loci. The loci contained in the signature are CD36, TAB2, GLYCAM1, GRB2, FYN, PTPRC, DNM3 and IKBKB (Table 6 ). The final ALS CCS was derived from high-throughput analysis using the EpiSwitch discovery platform initially identifying 153 potential biomarker interactions. Statistical analysis results from the binary data analysis are shown in Table 5 .
Sensitivity and Specificity Analysis
The discriminating power of the ALS CCS are shown in Tables 6 and  7 
Biological Relevance in ALS
When we mapped the markers in the ALS CCS to the Metacore™ signaling pathway database, the TLR2 and 4 signaling pathways showed significant enrichment with three genomic loci (CD36, TAB2 and IKBKB) mapping to this signaling cascade (Fig. 3) . To acquire additional insights into how the loci identified in this study contribute to the pathophysiology of ALS, we expanded our analysis to include an array-based comparison of ALS patients versus healthy controls using a set of loci that have been previously associated with ALS as an initial screen. Based on comparison of 16 ALS patients and 16 controls, 150 statistically disseminating markers were identified ( Table 9) . Genetic loci enriched with significant epigenetic deregulation were used to build a protein regulatory network using the STRING database (Fig. 4) . When analyzing the resulting network (Additional Files 1 and 2), key hubs included proteins with known links to the pathophysiology of ALS including SOD1, TARDBP (TDP-43), NEFH, and UBQLN2 [16] [17] [18] (Fig. 4) . In addition to the well-studied loci with known links to ALS, the network analysis confirmed the involvement of emerging and lesser-studied genomic loci in the development of ALS including KIFAP3 which has been recently identified as a potential risk locus for ALS and GRIP1 which was shown to be altered in ALS2 deficient spinal motor neurons leading to neuronal degeneration [19] [20] [21] . This indicates that consistent epigenetic deregulation is observed in key genetic loci in the largely sporadic ALS patient population used in this study.
Discussion
For the majority of patients with ALS, the etiology of the disorder is unknown. Mutations in a number of genes such as: C9orf72, Cu, Zn superoxide dismutase 1 (SOD1) and TAR-DNA binding protein (TDP-43), found in familial ALS occur in only about 10% of the patient population [22] [23] [24] [25] . Other studies suggest common pathogenic mechanisms for both the non-genetic and the genetic forms of ALS, as well as, similar clinical courses and dysfunctional features [2, 25] . A hexanucleotide expansion in the C9orf72 gene is the most common genetic mutation [26, 27] . The discovery of the repeat expansion of the C9orf72 hexanucleotide provides bridge between familial ALS and sporadic ALS [27] [28] [29] . The mutation is detectable in about 40% of familial ALS patients and 8-10% of sporadic ALS. The rapidly progressive nature of ALS means any improvement in diagnosis would be of great value to patients, their families and the professionals who treat them.
Epigenetics is the conduit for interactions between the environment and the genome. Epigenetic regulation of the genome can be used to explain complex diseases especially in the absence of any genetic mutations or patterns to explain pathology [14] . The foundation for diagnostic biomarker discovery using epigenetic frameworks rests with the detection and validation of conditional chromosome conformational changes at genetic loci of interest. Discovery is feasible and possible because chromosomal conformation comprises the smallest unit of regulated genome-linked to phenotype and asserts a high-level of regulation [14] . The binary quality (either the change is there or not), high biochemical stability and other characteristics of conditional chromosomal conformations make these genomic interactions highly advantageous as a source for potential diagnostic biomarkers [14] .
OBD's platform technology and methodology, EpiSwitch, employs chromosome conformation capture and algorithmic analysis to detect and define a panel of epigenetic differences capable of discerning between diseased tissue samples and healthy controls. In this study, we identified, defined and evaluated chromosome conformations as biologically-distinguishing markers that comprise the first example of a non-invasive blood-based epigenetic signature for ALS. The study also provides the first indication that chromosomal conformational biomarker discovery may also provide a way to explore pathogenic pathways and mechanisms. The top performing EpiSwitch chromosome conformation biomarker maps to CD36, which encodes a fatty acid transport protein and has been shown to be linked to mitochondrial function. CD36 is also involved in the Toll Like Receptor (TLR) 2 and TLR4 signaling pathways. These toll-like receptors are activated in microglia in response to damage-associated molecular patterns. Interestingly, microglia have been shown to have a protective effect in early stage motor neuron degeneration [30] . Four biomarkers (i.e., Fyn, GRB2, IKBKB and CD45) appear in the pathways that map to the Major Histocompatibility Complex (MHC). Fyn plays a key role in initiating myelination by myelin-forming glial cells [31] . Three biomarker proteins (CD36, TAB2, IKBKB) are involved in pathways associated with the innate immune system. The IKK kinase complex is found in the regulation of gene expression in response to neurotransmission [32] . The location of these biomarkers in key pathways regulating the immune response point to the involvement of neuroinflammatory mechanisms in the pathogenesis of the disease [33] .
The findings reported here add an additional clinical tool to aid in ALS diagnosis and further increase understanding of the disease Support for those concepts can be found in the panel of biomarkers discovered during this investigation. The gene loci related to the biomarkers in the ALS CCS, and their protein products, feature in cellular pathways linked to the phenotypic manifestations of ALS including: fatty acid transport, mitochondrial dysfunction, and alterations in both immune function and glial activation. Future studies using this approach and assessing blood samples collected longitudinally can also be applied as a new approach to monitor disease progression. In fact, recent studies indicate that the prediction of progression in ALS is possible using a set of patient clinical data (e.g. ALSFRS-R, ALSFRS slope, Trunk sub-score, time since diagnosis, systolic blood pressure, predicted survival) [34, 35] . Although the clinical annotations available for many of the samples used in this study were limited, future analysis of samples from longitudinal studies using EpiSwitch in combination with clinical metadata analysis and predictive algorithms are warranted.
Additionally, the CCS identified during this investigation aligns with more recent evidence that points to the concept of non-cellautonomous disease pathogenesis and the contribution of microglia in ALS [36] . A number of investigations have indicated that the cells lose their surveillance and neuro-protective capacity by switching from an activated neuroprotective to a neurodegenerative phenotype as the disease progresses. Under normal conditions microglia activation results in upregulation of MHC class 2 proteins involved in presentation of antigens to T lymphocytes. Microglia also express a diverse set of pattern recognition receptors, including TLRs, for sensing pathogen-associated Fig. 1 . Three-step biomarker discovery workflow. Starting with an initial pool of over 13,000 markers, a series of statistical comparisons between ALS and healthy controls samples refined the final ALS chromosome conformation signature panel into a set of 8 markers that could diagnose ALS patients in a blinded, independent cohort with 87.5% sensitivity. 5  ITGB5  63  DDOST  11  CD300E  10  NCK1  95  TLR5  53  GRB2  270  TRPC1  21  LYPLA2  30  GUCY2D  13  PLD1  201  AKT3  437  SIGLEC15  2  AP2M1  13  CLIC4  479  MALT1  32  IL1RAP  29  IFI6  116  CD226  15  IL5RA  11  PTAFR  49  ICAM1  9  MYD88  8  ATPIF1;PTAFR  14  ICAM1;ICAM4  1  CCR2  2  ATPIF1  24  DNM2  235  DAPP1  26  LCK  158  PRKCSH  31  NFKB1  27  BCL10  18  ACP5  23  TLR2  5  PIK3CD  191  JAK3  21  CD38  24  CHUK  15  RFXANK  33  TLR10  2  NFKB2  5  HCST  3  TLR1;TLR10  3  PPAPDC1A  19  TYROBP;HCST  5  TLR1  4  FGFR2  95  TYROBP  12  TLR1;TLR6  3  MRC1  23  MATK  27  KLB  27  ITGB1  29  AKT2  34  PDGFRA  69  IL2RA  7  AKT2;PLD3  6  KIT  32  PRKCQ  164  PLD3  23  TICAM2  12  FAS  16  CD79A  6  CD14  55  BLNK  35  MADCAM1  3  PDGFRB  18  PIK3AP1  210  PVR  8  CD74  6  AP2A2  20  PVRL2  43  FGFR4  28  NCAM1  43  PTGIR  42  PRLR  41  AMICA1  16  AP2S1  10  IL7R  14  CD3E  13  AP2A1  22  GHR  114  CD3G  3  SIGLEC16  10  CCNO  7  CD3D  2  SIGLEC14  3  IL6ST  24  CD3G;CD3D  1  LILRB2  2  CD180  1  CXCR5  13  LILRB1  10  PIK3R1  14  CBL  41  LILRB4  13  ADCY2  364  CRTAM  11  KIR2DL4;KIR3DL1;KIR2DL3  13  FYN  332  TIRAP  2  KIR2DL4;KIR3DL1  11  IFNGR1  15  CD81  3  KIR3DL1  4  TAB2  150  IFITM1;IFITM2  4  KIR2DL1;KIR2DL4;KIR3DL1;KIR2DL3  5  ULBP1  14  IFITM3  6  KIR2DS4;KIR3DL1  1  ULBP3  34  CD59  7  KIR2DS4;KIR3DL1;KIR3DL2  2  CCR6  11  CD44  24  C3  28  MICB  28  ART1  1  VAV1;C3  3  CFB  2  RAG1;TRAF6  8  VAV1  49  C4A  3  RAG1  46  IL1R2  5  C4B  1  RAG2;RAG1  10  IL1R1  56  AGER  7  RAG2  8  IL1RN  9  TAP2;TAP1  3  SIGIRR  1  RAPGEF4  195  TAP1  4  HRAS  14  ITGA4  1  TREM2  5  MS4A2  12  ITGAV  1  TREM1  9 (continued on next page) molecular patterns and endogenous ligands derived from cellular injury.
In addition to the eight loci that make up the CCS, expanded array analysis and overlay of a STRING protein network with genetic loci enriched in epigenetic deregulation shows evidence for strong biological concordance with genetic cases based on familial SOD1, TDP-43 and UBQLN2 (ALS subtype 15) genetic variants [37] . Epigenetic deregulation of SOD1, TDP-43, ERBB4 (ALS19), UBQLN2, INSR-all present themselves as significant events related to ALS etiology in sporadic cases investigated in this study. In addition to the STRING network identifying interconnected nodes with known link to disease, the analysis is also useful in the identification of novel disease mechanisms for target discovery. For example, the most interconnected node in the network was the alpha subunit of Protein Kinase C (PRKCA) (Fig. 4) . While a role for Protein Kinase C has been known for decades in ALS ( [38, 39] ), our results implicate a supportive role for the glutamate metabotropic receptors GRM3 and GRM7 as potential intermediaries that can serve as novel disease targets [40] .
Some of the caveats associated with our findings are the relatively modest sample size and the clinical homogeneity of the samples. According to a recently published global epidemiology analysis of published studies, ALS affects approximately 100,000 people worldwide [41] . In this study, we used 50 ALS patient samples and 42 healthy controls to develop the CCS and validated the signature on an additional 16 samples (8 ALS and 8 healthy controls), which represents a very small fraction of global cases. It is important to note however, that historical studies seeking to identify fluid-based biomarkers of ALS diagnosis have been developed on the analysis of between 28 and 103 ALS patients and between 12 and 43 healthy controls [42] , sample numbers that are within the range of this study. Perhaps more importantly is the relative homogeneity of the samples in this study. The patients in the discovery cohort were overwhelmingly (N90%) Non-Hispanic or Latino Whites. While in the United States it has been recognized that there is a higher rate of ALS among Whites, a recent analysis of worldwide ALS incidence confirms the observation that the disease can affect people from a wide range of racial and ethnic backgrounds [43, 44] . Future studies looking at larger patient sets and the inclusion of a greater diversity of ethnic representation are warranted. Last, it is important to acknowledge that the benefits and limitations of using any surrogate non-invasive readout in a liquid biopsy, including this study, remain an important point of inquiry. Interestingly, recent studies have demonstrated that while distinct differences in gene expression profiles are observed in different tissue and cellular types; epigenetic differences, from DNA methylation to histone modifications to high order chromatin structures, certain markers could show local synchronization across cellular types. This includes macrophages and dendritic cells involved in immune surveillance which show concordant epigenetic signals between the primary site of pathology and in surrogate blood-based readouts [8, 45] . The current understanding of this phenomenon involves the exosome-mediated resetting of selective targeted cellular populations, described as a horizontal transfer [46, 47] . This is particularly relevant to exosome-based transfer of non-coding RNA, such as miRNA, long implicated in epigenetic resetting of secondary cellular targets in peripheral blood and distant tissues and directly associated with resetting of specific chromosome conformations in individual cells. Further epigenetic-based biomarker studies and extended validation on independent cohorts will help to better understand the features of these observed systemic epigenetic sub-signatures.
Finally, we believe that epigenetic insights may help to provide biomarkers directly related to ALS. EMG and conductivity tests have increased the sensitivity of ALS diagnosis by providing the first biological information to inform ALS diagnosis. The sensitivity of our assay using patient samples approaches the sensitivity results reported using Awaji Criteria and those reported for CSF neurofilaments, another biomarker in development for diagnosing ALS [48, 49] . Ultimately, complex and heterogeneous diseases like ALS will require an integrative multi-omics approach to better characterize disease onset and progression and the results presented here offer an additional molecular approach to understand disease pathology.
One of the major challenges in the current clinical practice of diagnosing ALS is the time is takes to make a definitive diagnosis. Under the current "rule-out" paradigm, it can take months to confirm a diagnosis of ALS. In addition, many of the current tools for aiding a diagnosis are expensive and can themselves take days to 
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